Rationale: ±3,4-methylenedioxymethamphetamine (MDMA) is widely believed to increase sociability. The drug alters speech production and fluency, and may influence speech content. Here, we investigated the effect of MDMA on speech content, which may reveal how this drug affects social interactions. Method: Thirty-five healthy volunteers with prior MDMA experience completed this two-session, within-subjects, double-blind study during which they received 1.5 mg/kg oral MDMA and placebo. Participants completed a five-minute standardized talking task during which they discussed a close personal relationship (e.g. a friend or family member) with a research assistant. The conversations were analyzed for selected content categories (e.g. words pertaining to affect, social interaction, and cognition), using both a standard dictionary method (Pennebaker's Linguistic Inquiry and Word Count: LIWC) and a machine learning method using random forest classifiers. Results: Both analytic methods revealed that MDMA altered speech content relative to placebo. Using LIWC scores, the drug increased use of social and sexual words, consistent with reports that MDMA increases willingness to disclose. Using the machine learning algorithm, we found that MDMA increased use of social words and words relating to both positive and negative emotions. Conclusions: These findings are consistent with reports that MDMA acutely alters speech content, specifically increasing emotional and social content during a brief semistructured dyadic interaction. Studying effects of psychoactive drugs on speech content may offer new insights into drug effects on mental states, and on emotional and psychosocial interaction.
Introduction
The drug ±3,4-methylenedioxymethamphetamine (MDMA, "ecstasy", "molly") is known among drug users for its positive social-emotional effects, such as increased feelings of empathy, interpersonal closeness, and sociability (Bravo, 2001; Kelly et al. 2006; Rodgers al., 2006 , Sumnall et al., 2006 . In addition, before it was classified in the USA as a controlled substance, MDMA was used as an adjunct to psychotherapy by therapists because it appeared to decrease defensiveness and enhance feelings of emotional closeness (Greer and Tolbert, 1986; Wolfson, 1986) . More recently, clinical trials have suggested that the drug may be an effective therapeutic adjunct in patients with post-traumatic stress disorder (Mithoefer et al., 2013; Oehen et al., 2013) . Thus, both anecdotal and experimental data indicate that MDMA produces positive acute social-emotional effects that may underlie the drug's putative therapeutic potential. Analysis of speech content may shed light on the processes by which this drug produces its apparently unique prosocial effects.
Several controlled laboratory studies support the idea that MDMA produces prosocial effects. Single doses of MDMA increase feelings of friendliness and euphoria, and feeling close to others (Bedi et al., 2009 (Bedi et al., , 2010 Harris et al., 2002; Kirkpatrick et al., 2012 Kirkpatrick et al., , 2014 Tancer and Johanson, 2003) . On measures of cognitive-emotional function, it increases recognition of positive emotions such as friendliness in others and decreases recognition of negative expressions, such as fear (Bedi et al., 2010 , suggesting that it increases social behavior in part by enhancing sensitivity to positive emotions and reducing sensitivity to negative emotions in others. MDMA also reduces the negative affect produced by simulated social exclusion (Frye et al., 2014) . Most of the research to date has utilized standardized, computerized tasks that are typically administered to individual participants, tested in nonsocial contexts. To understand the effects of a drug on social processes, it may be more appropriate to use procedures involving interpersonal interactions.
Speech is a key element of human social interaction. Several drugs, including MDMA, alter speech production and fluency. Amphetamine and alcohol increase speech production (Higgins and Stitzer 1988; Wardle et al., 2012) , whereas MDMA (100 mg) disrupted speech fluency (Marrone et al., 2010) . Drugs can also alter the content of speech. Bedi et al. (2014) recently reported that MDMA increased the social content of speech using a machine learning analysis: the drug increased the use of words that were semantically close to "friend", "support", "rapport", and "empathy". The current study used similar approaches to further investigate the effects of MDMA on speech content, using a separate sample of participants and two different methods of speech content analysis.
Healthy experienced drug users received single doses of MDMA (1.5 mg/kg oral) and placebo. They performed a standardized five-minute dyadic speaking task with a research assistant in which they spoke about their relationship with another person. From the transcriptions we examined speech production and content. We hypothesized that MDMA would increase (a) the amount the talking (i.e. total number of words) and (b) proportion of emotional and social words used and that (c) machine learning methods would be able to distinguish MDMA from placebo based on word usage.
Methods

Participants
Healthy men and women (n=35; 12 female, 23 male) with lightto-moderate past "ecstasy" experience (i.e. 4-40 times in their lifetime) were recruited via newspaper, community bulletin board, and online advertisements. Potential participants completed an initial telephone and an in-person psychiatric evaluation and medical examination, including an electrocardiogram and physical examination. Inclusion criteria were: age 18-35 years, at least high school education, fluency in English, and body mass index (BMI) in the range 18-30. All participants were Caucasian because this was part of a larger genetic study. Exclusion criteria were: smoking more than 10 cigarettes per day, night shift work, any significant medical or psychiatric condition (e.g. cardiovascular, neurological, or major psychiatric illness including all Axis I disorders).
Participants were told that the purpose of the study was to evaluate individual differences in drug response. They were told they could receive a stimulant (explained as including drugs such as MDMA and amphetamine), sedative, cannabinoid or placebo. Participants were instructed to consume their normal amount of caffeine, but refrain from tobacco use for nine hours, and other drug use for 48 hours, prior to each session. Women who used hormonal contraceptives were tested regardless of menstrual cycle phase, but women not using hormonal contraceptives were tested only during the follicular phase (days 2-14; White et al., 2002) . The study was approved by the Institutional Review Board at the University of Chicago in accordance with the Code of Federal Regulations (Title 45, Part 46) adopted by the National Institutes of Health and the Office for Protection from Research Risks of the US Federal Government. Participants provided written informed consent prior to participation and they were debriefed after completion to explain the study.
Design
The current study was a part of a larger study investigating the behavioral and physiological effects of MDMA (0.75 and 1.5 mg/kg; Kirkpatrick et al., 2014) . Because the 0.75 mg/kg dose produced only modest effects it was not included in the present analysis. Participants attended 4.5-hour laboratory sessions during which they ingested capsules containing placebo or MDMA in randomized order. Sessions were separated by at least five days. Participants' mood states and physiological measures were monitored at baseline and for four hours after drug administration.
Procedure
Sessions were conducted from 09:00-13:30. Upon arrival for the session, participants provided urine and breath samples to confirm abstinence from alcohol (as measured by an Alco-Sensor III Breathalyzer, Intoximeters Inc., St Louis, Missouri, USA), amphetamine, cocaine and opiates (as measured by urine toxicology: Ontrak TesTstik, Roche Diagnostic Systems Inc., Somerville, New Jersey, USA), and marijuana (as measured by a saliva test: Oratect, Branan Medical Corp., Irvine, California, USA), and women were tested for pregnancy. Sessions were rescheduled if the participant tested positive for drugs.
At 09:20, baseline (pre-capsule) measures of heart rate and blood pressure were obtained, and participants completed selfreport mood and drug effects questionnaires. At 09:30, participants ingested capsules containing either MDMA or placebo. Physiological and subjective measures (reported previously, Kirkpatrick et al., 2014) were obtained at 10:00, 10:30, 11:00, 11:30, 13:00, and 13:30. The talking task (described below) was completed at 11:00 to coincide with expected peak drug effects. During times when no measures were scheduled the participants were allowed to relax and watch movies or read. At 13:30, participants were discharged provided that their heart rate and blood pressure had returned to baseline levels.
Talking task
The talking task was a modification (Wardle et al., 2012) of the Interpersonal Perception Task (Janowsky, 2003) previously used to study psychoactive drugs. During an initial orientation session before the study began, participants provided the names of three important people in their lives. At each subsequent experimental session, the research assistant randomly selected one name, and asked the participant to talk about this person for five minutes. Research assistants, who were gender matched to participants, were trained in reflective listening in which they encouraged the participant to speak freely, mirroring the mood of the speaker by reflecting the emotional state with words and nonverbal communication, and minimizing their own input into the conversation. Speech samples were professionally transcribed and any speech of the research assistants was deleted.
Self-report measures
Participants completed questionnaires before and at regular intervals after ingesting the MDMA/placebo. As fully described in Kirkpatrick et al. (2014) , 18 visual analogue items were measured by having participants make a mark along a 100 mm line labeled "not at all" at one end and "extremely" on the other end. The items were: "feel drug," "feel high," "like drug," "dislike drug," and "want more drug," "anxious," "dizzy," "elated," "restless," "sedated," "stimulated," "confident," "friendly," "insightful," "loving," "lonely," "playful," and "sociable."
Drugs
Drug conditions were administered in counter-balanced order, under double-blind conditions. Capsules were prepared by The University of Chicago Hospitals investigational pharmacy. MDMA powder (1.5 mg/kg) was encapsulated in size 00 opaque capsules with lactose filler. Placebo capsules contained only lactose. These MDMA doses were selected based on previous studies indicating that the drug reliably increases positive mood and alters emotional processing at these doses (Bedi et al., 2009 (Bedi et al., , 2010 Harris et al., 2002) . Doses were given as mg per kg body weight to avoid systematic gender differences in dose and differences related to variations in body weight.
Data analysis
General analysis plan. We analyzed the data in Python 2.7 (Python Software Foundation) and R (R Core Team 2014). For statistical testing, we generally used mixed effects models in which participant was a random effect and drug condition was a fixed effect. Results were considered statistically significant at p less than or equal to 0.05.
Analysis of speech.
We used two approaches to analyze participants' transcribed speech: a standardized dictionary approach and a machine learning approach. Dictionary approaches score text based on the count of words from previously validated categories and are straightforward to interpret. However, these analyses may fail to capture changes in areas outside of the validated categories of the dictionary, such as slang or other specialized terminology. Machine learning techniques, such as cross-validation and variable selection, can make classifications based on characteristics of the data set rather than on predetermined categories.
Standardized dictionary approach. For our dictionarybased analysis, we used Pennebaker's Linguistic Inquiry and Word Count 2007 (LIWC, version 1.11), which has been used extensively to analyze speech and text samples (reviewed in Tausczik and Pennebaker, 2010) . LIWC is a word count program that matches text against an extensive dictionary, and provides the percentage of words in a large set of well-validated categories. We a priori chose to examine 43 specific variables, relating to time frame, affect, social interaction, perception, and cognition (see Table 1 ). Reliability and validity of LIWC measures have been reported by Pennebaker and King (1999) .
The talking task required participants to discuss a person who was important to them. However, past investigations have suggested some aspects of speech may be impaired by MDMA, including ability to coherently focus on single topics (Marrone et al., 2010) . In order to better detect the influence of MDMA on speech about an emotionally salient person, we isolated and analyzed individual phrases describing the topic person. This was operationalized as phrases beginning with "he is," "she is," or a contraction of either phrase (e.g. "he's"). We edited these phrases by removing filler words (such as "um") and ungrammatical word repetitions (such as "people" in "he's one of the people, people I've known the longest here") and analyzed the phrases using the same LIWC categories as the entire text samples. We also categorized whether the phrases were (a) psychological, such as describing an aspect of the topic person's personality, (b) a non-psychological, such as appearance or profession, or (c) describing the relationship between the participant and topic person. These three categories, which were not mutually exclusive, were rated by individuals who were blinded to study design and condition.
Machine learning approach. We took a bag-of-words approach in which we quantified word occurrence but not word order or context. Using the Python packages Gensim (Řehůřek and Sojka 2010) and Natural Language Tool Kit (nltk; Bird et al., 2009) , we removed names of individuals and converted (i.e. lemmatized) remaining words in each speech document to their root form using nltk's morphy function with part of speech identified using a maximum entropy Treebank tagger. We counted the number of occurrences of each word in each document and used word occurrences as predictor variables in statistical machine learning models that predicted dosing condition.
Our modeling approach used random forests. Random forest is an ensemble classifier that generates a group of classification trees based on predictor variables and then uses the majority vote of the trees to determine membership. Each classification tree is fit using a random subset of predictor variables on a random subset of the observations drawn with replacement. Because it is based on decision trees, the random forest algorithm is well suited for capturing nonlinear interactions between predictor variables.
We used individual words as predictors and used recursive feature elimination with random forest ensemble models to select a smaller subset of words that predicted dosing condition. To summarize these models, we estimated variable importance using gini impurity, a standard measure for random forests and other decision trees. When a node in a tree is split using a variable, the two child nodes are more homogeneous in the outcome measure compared to the parent node. This homogeneity is standardly quantified using gini impurity, which measures how often a randomly chosen element in a node would be incorrectly labeled if it were randomly labeled according to the distribution of labels in the node. Gini impurity is computed by summing the probability of each item being chosen times the probability of a mistake in categorizing that item. Summing gini decreases between parent and child nodes for each variable across all trees yields a measure of variable importance in the ensemble model.
Predicting dosing condition from individual words
We used recursive feature elimination (Guyon and Elisseeff, 2006; Kuhn and Johnson, 2013) to build ensembles with decreasing numbers of predictor variables. We iteratively fitted random forests, beginning with 300 variables, fitting models, and discarding the 50 variables with the lowest variable importance. We repeated this process 2000 times. Because each tree uses only a subset of available data, the relative performances of different trees and ensembles can be measured using out-of-bag accuracy, which entails measuring performance by predicting observations that were not used in a tree's construction. Out-of-bag accuracy is optimistic and poorly predicts accuracy in new datasets, but it is useful for comparing relative performance of models fit with different numbers of variables.
Relating speech changes to self-report measures
To avoid a large number of comparisons, we focused on the statistically significant results from our dictionary-based speech analysis and reduced their dimensionality using principal components analysis (PCA) with varimax rotation. We then attempted to predict these components using Least Absolute Shrinkage and Selection Operator (LASSO) regression (Tibshirani, 1996) with 
Results
Sample characteristics
In total, data from 35 participants (34% female) were used for the current study. They were 24.3±4.3 (mean±standard deviation (SD)) years old, had a BMI of 22.7±2.7, and had completed 14.6±1.4 years of formal education. They had used "ecstasy" a mean of 13.1±10.2 times (range 4-40 lifetime use). Thirty participants currently drank alcohol (9.3±6.4 drinks/week), 31 drank caffeinated beverages (1.7±1.3 cups/day), 30 currently smoked marijuana (7.4±7.2 days/month), and 12 smoked tobacco (6.8±5.1 cigarettes/day).
Talking task
Standardized dictionary approach. When whole transcripts were analyzed, MDMA altered use of words, compared to placebo. As shown in Table 1 and Figure 1 , the drug increased words with sexual and social content, language reflecting discrepancies, increased discussion of the future, and decreased tendency to speak in relative terms and use motion language (F 1,30 =4.33-11.562, p=0.046-0.002) . Participants also spoke significantly more about death (see Figure 1) , although the scale of this increase was low. No gender differences were detected. MDMA also did not significantly affect number of words spoken (mean±standard error of the mean (SEM) was 692.5±187.08 words after placebo versus 685.7±171.14 words after MDMA). Data from four participants were missing (placebo condition) due to recording failure. MDMA also affected isolated phrases specifically describing the target person. When we categorized phrases about the target person based on psychological, non-psychological, and relationship content, we saw that MDMA decreased proportion (and absolute counts; not shown) of phrases with psychological content and increased proportion of phrases with non-psychological factual content about the target person. Psychological statements decreased from 76.0±3.73% after placebo to 56.7±3.91% of phrases after MDMA (F 1,32.86 =19.49, p<0.0001) . Nonpsychological statements correspondingly increased from 15.4±3.52% after placebo to 30.4±4.03% phrases after MDMA (F 1,32.93 =10.29, p=0.003) . The proportion (and absolute number) of phrases describing the relationship of the speaker with the target person was not significantly changed. Across all phrases describing the target person, MDMA decreased use of words relating to the body Relating speech effects to self-report measures. As fully described in Kirkpatrick et al. (2014) , MDMA significantly increased multiple self-report measures. To explore how these related to speech changes, we first reduced the dimensionality of the significant LIWC categories using PCA. We retained three components from our PCA procedure, with each respectively explaining 29.0%, 24.0%, and 17.6% of the variance. The first component, hereafter "motion/relative," correlated highly with the motion and relative scales (r=0.87 and 0.92, respectively) and had correlations less than ±0.15 with other LIWC variables. The second component, hereafter "discrepancy/future," correlated with discrepancy and future scales (r=0.91 and 0.91, respectively) and had correlations less than ±0.15 with other LIWC variables. The third component, hereafter "social," was correlated with social, sexual, and death scales (0.86, 0.79, and 0.48), and had correlations less than ±0.16 with other LIWC variables.
We then attempted to predict each component using LASSO regression and peak self-report visual analog scores (Table 2 ). All three components were significantly predicted by high, feel drug, elated, stimulated, loving, social, and friendly scores. Relative/ motion was additionally predicted by playful and dislike drug scores. Discrepancy/future were predicted by playful and want more drug scores. Finally, social was predicted by confident, insightful, dizzy, and want more drug scores. Given our a priori interest in social effects and the lack of interaction terms in LASSO models, we further explored the relationships of feelings confidence and insight to the rotated speech components using random effects models. Our goal was to better understand if the relation between self-report confidence and insight and the social component was truly unusual to that component. We accordingly fit models in which the self-report ratings were predicted by all three rotated speech components and their interactions, treating participant as a random effect. Both models indicated an effect of the social component (confidence: F 1,23 =17.28, p=0.0004; Insightful: F 1,23 =9.89, p=0.0045) and no main effects of the two other components. In addition there was a significant or trend interaction of the social and relative/motion components (confidence: F 1,23 =5.35, p=0.030; insightful: F 1,23 =3.86, p=0.061, ns) in predicting peak confidence or insight scores.
Machine learning approach. We used recursive feature elimination to build models that used subsets of words to predict participant's dosing condition. After lemmatizing and removing proper names, there were 1755 unique words in the corpus. We further used a t-test and a threshold of p<0.5 to filter half of the words for inclusion in the models. Out-of-bag accuracy for different size models varied based on number of predictor variables (words) used in the model. A model with 300 predictors was selected as the smallest model still performing within 10% accuracy of the absolute best model. We created a final model using 300 words and 2000 repeats of five-fold cross-validation with results averaged. This final model had an accuracy of 0.72 and sensitivity and specificity of 0.71 and 0.80 in predicting dosing condition. The words identified as important included social words (others, public, camaraderie, outgoing) and words with both positive (goofy, beautiful, cheer, fix) and negative emotional valence (trouble, dead), (Figure 2 ).
Discussion
We used two complementary techniques to investigate the effects of MDMA on the important social behavior of speech. Using a standardized dictionary approach we found that MDMA altered word choice in specific, validated categories. Using an exploratory data mining approach to look for changes relating to social and emotional functioning, we found that specific emotional words were useful for distinguishing speech on MDMA from speech on placebo.
MDMA is thought to have prosocial effects that are unusual or even unique (e.g. Nichols, 1986) . Our analysis of transcribed speech about emotionally important others showed evidence of these prosocial effects. Both the dictionary and machine learning analyses of the entire transcriptions indicated that MDMA increased use of social words. These findings are generally complementary with those of Bedi et al. (2014) , who employed a data mining approach to show that MDMA increased use of words that were semantically close to positive social words such as "friend", "support", "rapport", and "empathy".
MDMA might produce these prosocial effects in part by increasing positive emotional reactions or by blunting anxiety (Bedi et al., 2010; Kirkpatrick et al., 2014; Mithoefer et al., 2013) . In this study, we indeed found many of the effects of MDMA on speech were associated with changes in self-report euphoria and sociability. When we predicted rotated principal components using self-report measures, components were predicted by a largely consistent set of self-report measures relating to euphoric and prosocial feelings. Interestingly, a social component-indicating increased use of words relating to social, sexual, and death-was also predicted by changes in self-reported confidence and feelings of insight, while other components were not. This suggests that the putatively unusual effects of MDMA on social-related speech content may not only involve euphoriarelated sociability but also another cognitive phenomenon involving feelings of insight and certainty.
Consistent with the findings of Marrone et al. (2010) , MDMA did not increase talkativeness, as measured by the number of spoken words. Although MDMA is structurally similar to psychostimulants such as amphetamine and methamphetamine, it produces less psychomotor activation, including speech, compared to these drugs (Kirkpatrick et al., 2012; Marrone et al., 2010) . MDMA also appears to differ from psychostimulants in that it can induce the feeling of cognitive impairments (e.g. ratings of inability to concentrate and decreased fluency in a talking task: Liechti et al., 2001; Marrone et al., 2010; Verheyden et al., 2003) as well as improvements, while prototypic stimulants produce only feelings of improvements and competence (Ballard et al., 2014; Kirkpatrick et al., 2008) .
Whereas Marrone and colleagues (2010) studied the effect of MDMA on talking by asking them to recount the plot of a movie, our task involved speaking about a psychologically important target person. Under the influence of the drug, participants in our study described the target person using proportionally fewer phrases with psychological content and more with factual content. Although this initially appears inconsistent with the purported insight-producing effect of MDMA, a closer examination of the phrases describing target individuals suggests the effect may be due to a shift from stating general abstract opinions to mentioning more specific concrete details and episodes. Levels of linguistic abstraction are known to indicate levels of interpersonal closeness (Douglas and Sutton, 2010; IJzerman and Semin, 2009; Reitsma-van Rooijen et al., 2007) and thus the current data could indicate a deeper and less superficial consideration of the target person. Indeed, LIWC analysis of the descriptive phrases found significant increases in words relating to insights and cognitive mechanisms. Overall, these data suggest that MDMA does not only selectively blunt availability of negative emotional memories or enhance positive ones, but may also increase willingness or ability to consider emotional memories, at least in the presence of another person. This appears consistent with clinical observations (e.g. Greer and Tolbert, 1998; Mithoefer et al., 2011) , although further research will be needed to confirm analogous results in patient populations.
This study has several limitations. We used a bag-of-words approach in which no attention is paid to word order or context within a document. This is computationally appealing, but unlikely to capture more than a small portion of the nuances of word usage. Further investigations should expand to include bigrams and trigrams. Our talking task had participants discussing individuals who were psychologically important to them. This did not control for, and may have limited, the range of emotional memories that were recalled. Future studies could elicit memories with specific emotional content or use behavioral paradigms to create emotional experiences, as in the Trier social stress task (Kirschbaum et al., 1993) . These would allow further insights into the effects of MDMA on speech and emotional experience.
In conclusion, we found that MDMA altered social aspects of speech during a brief semistructured dyadic interaction, using two different analytic methods. Combined with natural language processing, studying effects of psychoactive drugs on speech content can offer new insights into drug effects on mental states, as well as emotional and psychosocial interaction.
